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Modeling and Estimating Volatility of Options on Standard & Poor’s  
500 Index  

  

This paper explores the impact of volatility estimation methods on  
theoretical option values based upon the Black-Scholes-Merton (BSM)  
model. Volatility is the only input used in the BSM model that cannot be  
observed in the market or a priori determined in a contract. Thus, properly  
calculating volatility is crucial. Two approaches to estimate volatility are  
implied volatility and historical prices. Iterative techniques are applied,  
based on daily S&P index options. Additionally, using option data on S&P  
500 Index listed on the Chicago Board of Options Exchange, historical  
volatility can be estimated.   

Key words: historical volatility; option premium; index options;  
Black-Scholes-Merton model; Chicago Board of Options Exchange  
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Modeling and Estimating Volatility of Options on Standard & Poor’s  
500 Index  

I. INTRODUCTION  

The volatility of an asset price is a measure of how uncertain one is  
about future asset price movements. It is a key parameter to calculate Value  
at Risk, to optimize portfolio and to value derivatives. Volatility is one of  
the factors that determines option price. The premiums of both call and put  
options increase as volatility increases. Therefore, overestimated volatility  
values produce overestimated option premiums. Moreover, volatility is the  
only input used in the Black-Scholes model that cannot be observed in the  
market or a priori determined in a contract. Thus, properly calculating  
volatility becomes extremely important. There are two basic ways to  
estimate volatility. The first method uses historical prices, while the second  
technique, known as implied volatility, employs option prices to find the  
option’s market estimate of the underlying asset standard deviation.  

In order to evaluate implied volatility, iterative techniques are applied.  
Generally, the method used for computing implied volatility works as  
follows. First, a rough guess is made as to what the implied volatility could  
be. This guess is used along with other input parameters to compute the  
Black-Scholes value of the option with respect to the guess volatility. After  
comparing the guess of the Black-Scholes value to the market price of the  
option, the guess is modified to produce a new guess of volatility, and  
consequently a new Black-Scholes value that is closer to the market price  
than the first one. The procedure is stopped when a Black-Scholes price is  
satisfactorily close to the market price of the option. Two basic iterative  
methods are used to calculate implied volatility: method of bisections and  
the Newton-Raphson method. Their descriptions are given by Chriss [1997],  
Haug [2007] and Rouah and Veinberg [2007]. Moreover, Rouah and  
Veinberg suggest using both methods simultaneously and propose a  
modification called the Newton-Raphson-Bisection method [Rouah and  
Veinberg 2007].   

This paper focuses on a concept called historical volatility. There are  
several methods of estimating volatility, such as standard deviation of return  
provided by an asset, the exponentially weighted moving average (EWMA),  
the autoregressive conditional heteroscedasticity (ARCH) model, or the  



generalized autoregressive conditional heteroscedasticity (GARCH) model,  
which may each provide different volatility estimations. As such, the aim of  
the paper is to analyze the impact of volatility estimation method on  
theoretical option values obtained from the Black-Scholes model. The  
research is based on actual prices of options on Standard & Poor’s 500  
index listed on the Chicago Board Options Exchange. As the options are  
European index options, the Black-Scholes-Merton model – a modification  
of the classical Black-Scholes model – is appropriate for their pricing.1  

II. METHODS FOR ESTIMATING HISTORICAL VOLATILITY  

There are several methods used to estimate historical volatility. In the  
literature the following four techniques are discussed:  
• Standard deviation,   
• Exponentially weighted moving average volatility (EWMA),  
• Autoregressive conditional heteroscedasticity (ARCH) (q) model,  
• Generalized autoregressive conditional heteroscedasticity (GARCH) (p,  

q) model.  
Calculation of the annualized standard deviation is the most widely  

used method for estimating historical volatility. The first step is to calculate  
periodic returns expressed in continually compounded terms:  

 , (1)  

where Si – stock price observed at fixed intervals of time (typically every  
day).  

The usual estimate of the standard deviation of the ui’s is given by  
[Hull 2008]:  

 , (2)  

where n is the number of observations and  is the mean of the ui’s.   
Assuming 252 trading days in a year, the annualized volatility is   
  (3)  

  
Exponentially Weighted Volatility – also called exponentially weighted  
moving average volatility (EWMA) – puts more weight on more recent  

1 European option can be exercised only at the end of its life.  
4 
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observations. The annualized exponential weighted volatility can be  
calculated as   

  
 , (4)  
  
where  is the current volatility and  is the volatility calculated one  
observation ago. Using daily data, the volatility is annualized by multiplying  
the result with the square root of the number of trading days. A rule of  
thumb is that in most markets, , called the smoothing parameter, should  
typically be between 0.75 and 0.98. The popular RISKMetrics developed by  
J.P. Morgan uses an EWMA with = 0.94 [Haug 2007].  

Volatility of a financial instrument (stock index, equity, bonds, foreign  
exchange rate, option pricing or Value at Risk estimation), most commonly  
understood as conditional variance of its return, has been subject to many  
studies. A particular feature of volatility is the fact that it cannot be directly  
observed and must be estimated by using an appropriate model. In 1982 R.  
Engle postulated an autoregressive model with conditional  
heteroscedasticity ARCH (autoregressive conditional heteroscedasticity  
model) and in 1986 T. Bollerslev proposed a generalized ARCH, called  
GARCH. Good predictive features of models ARCH – GARCH resulted in  
their wide use in pricing options and other financial instruments as well as  
in collateral operations [Krawczak et al. 2000]. The main aim of the ARCH  
and GARCH models is to capture the time–varying volatility. Other  
volatility models of very different specifications were also proposed. These  
models were designed to capture the clustering volatility, which can be  
clustering in macro—economic series like inflation or financial time–series  
like stock market returns and exchange rates. There are numerous  
modifications of the standard ARCH and GARCH models (see e.g.,  
[Bollerslev at al. 1994], [Hamilton 1994], [Shephard 2005], [Mills 2004],  
[Cont 2001], and [Tsay 2005]).  

First, in order to create a volatility model for a rate of return series of  
Standard & Poor’s Index (S&P 500), listed on Chicago Board Options  
Exchange (CBOE) for multiple time periods, we specify equations for a  
conditional average using a matched AR(p) or ARMA(p, q) model.  
  

The logarithmic stock returns conditional mean equation can be, in  
general, written as a Box – Jenkins ARMA (p, q) model:  

  



  

  (5)  

  
  
where is an unknown constant, ai (i = 1,2,…,p), bj (j = 1,2,…,q) are  

the parameters of appropriate ARMA (p, q) model and is a disturbance  
term.  

Parameters of AR(p) or ARMA(p, q) models are calculated using the  
maximum likelihood estimation. Quality of models matching was verified  
by Box – Pierce test and Ljung – Box test for residuals (see T. Mills 2004).  

Residuals series from matched models AR(p) or ARMA(p, q) are  
tested for presence of conditional heteroscedasticity of autoregressive type  
using Engle’s test:  

  

  (6)  

  
where t = p+1, …, T and T is the length of the residuals series. Test  

statistic nR2 has asymptotically distributed 2χ .  
In order to estimate conditional volatility we used ARCH(p) models  

and tested many different GARCH(p, q) models.  
ARCH(p) models are defined as follows [Doornik, Hendry 2001]:  
  

 t ty uµ= +  (7)  
  
 t

2/1
tt hu ε=    

 ∑
=

−+=
q

1j

2
jtj0t uh αα    

  
The noise  has a distribution N(0,1), while the process  has a  

conditional distribution N(0, ), meaning that conditional expected value is  
constant and conditional variance of process  depends on previous values.  
This ARCH series models the grouping of data quite well.  

Estimated models ARCH(p) for the studied periods do not provide  
satisfactory results (among others they require the use of a model with a  
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very large number of parameters – numerical results are omitted). Because  
of this we concentrate on a search for an adequate class of GARCH(p, q)  
models.  

GARCH class models theoretically give a good approximation of  
certain features of time series that were discovered by empirical studies, i.e.;  
non-linearity of variable correlation, effect of variance concentration in  
narrow strips of time, fat tails of distributions, return rates of investments in  
financial instruments, skewness of those distributions, long-term correlation  
of data, and accumulation of information during times when financial  
markets are closed. This manifests itself in increased variance of price  
changes when the markets are reopened and the leverage effect, which  
shows in the tendency for negative correlation between price changes  of  
financial instruments and changes in their variance [Grzesiak, Konieczny  
1997], [Kuziak 2005].  

The general form of GARCH(p, q) models is defined as follows  
[Doornik, Hendry 2001]:  

  
    
  
 , ~ N(0, 1),   

 , t = 1,…, T, (8)  

  
where y1 is the dependant variable, defined as a rate of return for a  

given financial instrument,  is a vector of independent variables, −  
vector of structural parameters of the model, and ut  is a random component,  
whose realization is given by residuals  based on which we  
conclude the features of ut. Noise  has a  
distribution , other components are non- 
negative. The ht term is called the conditional variance function. The  
process ut has a conditional distribution N(0,ht), meaning that conditional  
expected value is constant and conditional variance of process  is  
dependent on previous values. Conditional variance ht depends not only on  
the previous values of the series but also on previous conditional  
variances . GARCH(p, q) model parameters are calculated using  



the maximum likelihood estimation. Numerous studies show that  
GARCH(1, 1) model, with ht function defined as:  

  
  (9)  
    
normally gives a satisfactory description of modeled financial processes. In  
case of modeling volatility of prices of base instruments in the options  
market, those models are the most often used [Engle at al. 1987], [Weron  
and Weron 1999], [Brzeszczyński, Kelm 2002]. In our study, with an  
exception of a single period, GARCH(1, 1) model is not the best solution.  
Using the packets PcGive, SAS and GRETL we analyzed numerous  
GARCH models for many random distributions (Gauss, Student, GED,  
Skewed Student), among others EGARCH, GJR – GARCH, APARCH (see  
Doornik, Hendry 2001) as we search for the best estimation for a given  
period. We incorporate the day of the week effect, trend and the different  
impact of positive and negative shocks to the conditional volatility. All  
added deterministic variables proved to be inconsequential so we omit. We  
do not quote intermediate results of our whole search for the best solution,  
but we give the form of the models for their estimation for 4 chosen periods.   
• Period I: two years before January 17, 2006 the best model proved to be  

the GARCH-M (GARCH in mean) model – it allows one to describe the  
correlation between the expected rate of return and risk. GARCH-M (1,1)  
is of the form:    

  (10)  
where xt – vector of independent variables, – vector of parameters,  

– “risk aversion” parameter. The function may be of the following  
forms: ht,  –  as it was in our case or log ht [Doornik, Hendry 2001].  
Estimation results are presented in Table 2.  

  
Period II: two years before March 23, 2006 - GARCH (2, 1) model in- 

mean (ARMA (1, 1) model) with a Gauss distribution. Estimation results are  
presented in Table 2.  

  
  
Period III: two years before August 21, 2006 - GARCH (2, 1) no  

regressors in the mean (ARMA (1, 1) model) with a Gauss distribution.   
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Period IV: two years before November 20, 2007 - GARCH (1, 1)  
model (Mean Equation : ARMA (1, 1) model, no regressor in the mean).  
The distribution is a Gauss distribution. Estimation results are presented in  
Table 2.  

  

III. EMPIRICAL RESULTS  

This research uses option data on S&P 500 Index listed on the  
Chicago Board Options Exchange (CBOE) between January 3, 2005 and  
November 21, 2007. The database comprises 65,535 quotations. The study  
focuses on options with the longest available time to maturity. Those  
appeared to be options with 1- and 2-month-time to maturity. Thus, in the  
first step, several dates are selected when options with desirable time to  
maturity are offered on the CBOE. After preliminary analysis, final  
examination is limited to the following four dates: January 18, 2006; March  
24, 2006; August 22, 2006; and November 21, 2007. Next, using historical  
quotations of the S&P 500 Index, historical volatility values are estimated  
with the use of different estimation methods described above.  

Choosing an appropriate number of historical observations when  
calculating historical volatility, is a demanding task. According to Hull  
[2008]: “…Ceteris paribus, more data generally lead to more accuracy.  
However,  does change over time and data that are too old may not be  
relevant for predicting the future. A compromise that seems to work  
reasonably well is to use closing prices from daily data over the most recent  
90 to 180 days…”. The problem is that in the case of calculating GARCH  
models long time-series are needed. As a compromise, the historical  
volatility on the basis of two-year periods preceding the chosen dates are  
used.  

The entire analysis is done based on logarithmic transformation of  
daily S&P Index rate of returns. The logarithmic stock rates of return are  
calculated as follows:  

  (11)  

where Pt is the closing value of the S&P Index at time t and rt denotes  
the logarithm of the corresponding stock return. To describe the statistics for  
the stock rates of return for all periods the following statistics are used:  the  
values of the Shapiro – Wilk statistic to test for normality; values of the  



Augmented Dickey – Fuller (ADF) test statistic to test for the existence of  
the unit root; and Engle’s LM ARCH test to test for ARCH effects in the  
series. For each specified order, the squared series is regressed on q of its  
own lags. The test statistic is distributed  under the null hypothesis of  
no ARCH effects.  

Table 1 shows that the daily returns are characterized by high  
volatility in all studied periods. Shapiro – Wilk test statistic rejects the null  
hypothesis of normality at the 5 percent significance level for the two of rate  
of return series analyzed in this study.  

  
  

Table 1. Descriptive statistics of the return series and some test results  
 Two years 

before  
Jan 17, 2006 

Two years 
before 
March 23, 
2006 

Two years 
before 
Aug 21, 2006 

Two years 
before 
Nov 20, 2007 

Mean 0.024 0.035 0.034 0.028 
Std. Dev 0.674 0.657 0.665 0.793 
Median 0.057 0.071 0.068 0.083 
Skweness -0.048 -0.071 0.068 -0.048 
Kurtosis 3.112 3.005 3.261 5.751 
Shapiro -
Wilka test (p-
value) 

0.031 0.059 0.119 0.001 

ADF (10) -7.296** -7.317** -7.789** -7.789** 
Test LM  18.821* 27.597* 22.178* 70.118** 
No. of 
observations 

503 501 503 503 

Source: own calculations utilizing PcGive, SAS2 and GRETL3. Note: The  
symbols *, ** denote the rejection of the null hypothesis at the 0.05 and  
0.01 significance level, respectively.  

The period of the two years preceding November 20, 2007 proves to  
be the evident case when one has no basis to accept the hypothesis of  

2 Statistical Analysis System on the site http://www.sas.com 
3 GNU Regression, Econometric and Time – series Library on the site http://gretl. 
Sourceforge.net 

10 
 

                                                 



Modeling and Estimating Volatility of Options on Standard & Poor’s 
500 Index 11 
normal distribution. But the values of the skewness and kurtosis statistics  
indicate that the data are leptokurtic and fat-tailed with a sharp peak about  
the mean, compared with the normal distribution. The ADF test indicates  
that the daily rates of return are stationary stochastic processes during all  
studied periods. The LM test shows the presence of the conditional  
heteroscedasticity. Various GARCH models are estimated in order to  
calculate the value of the conditional heteroscedasticity (see Table 2).  

Table 2 Results of the estimation of the GARCH models  
Model GARCHM(1,1”sqrt”) 

– Period I 
GARCH(2,1) 
– Period II 

GARCH(2,1) 
– Period III 

GARCH(1,1) 
– Period IV 

Mean equation AR(2) ARMA(1,1) ARMA(1,1) ARMA(1,1) 
Distribution Skwed student a Gauss a Gauss a Gauss 
Cst(M) 0.0364      (0.039) -0.361   

(0.014) 
0.041     
(0.047) 

0.048   
(0.028) 

AR(1) 0.9298      (0.012) 0.702    
(0.007) 

0.772     
(0.000) 

0.6807  
(0.000) 

AR(2) 0.6878      (0.041)    
MA(1)  -0.769   

(0.001) 
-0.837   
(0.000) 

-0.7788 
(0.000) 

MA(2)     
Cst(V) 0.0055      (0.048) 0.0064  

(0,000) 
0.0046  
(0.000) 

0.0156  
(0.029) 

Alpha_1 0.0449      (0.011) 0.0039  
(0.049) 

0.0032  
(0.054) 

0.0556  
(0.003) 

Alpha_2     
Beta_1 0.8735      (0.007) 1.917   

(0.000) 
1.968    
(0.000) 

0.9211  
(0.000) 

Beta_2  -0.936  
(0.000) 

-0.9814 
(0.000) 

 

Sgrt (h_t) 0.8204       (0.08)    
ARCH – in – 
mean (var) 

 0.941   
(0.007) 

  

Alpha(L)+Beta(L) 0.9184 0.9848 0.9893 0.9769 
Information criteria 

Akaike 2.0508 2.0084 2.0126 2.2455 
Schwarz 2.0861 2.0671 2.0713 2.2929 
Shibata 2.0524 2.0080 2.0122 2.2423 



Hannan - Quinn 2.0657 2.0314 2.0356 2.2623 
Source: own calculations using PcGive, SAS and GRETL. Note: p-values in  
parentheses.  

Table 2 presents the calculations for the conditional mean (AR and  
ARMA models) and conditional variance equations. All estimations are  
statistically significant and the information criteria are the lowest relative to  
other estimations. Estimations for the conditional variance equations are the  
basis for estimations of the volatility of financial instruments.   

Table 3. Descriptive statistics for scaled residuals  
Model GARCHM(1,1

”sqrt”) – 
Period I 

GARCH(2,
1) – Period 
II 

GARCH(2,1) 
– Period III 

GARCH(1,1) 
– Period IV 

Q-Statistics Box – Pierce and (p-value) on Standardized Residuals. P-values 
adjusted by 2 degree(s) of freedom 
Q (5) 5.201      

(0.392) 
5.428  
(0.149) 

3.948     
(0.267) 

5.115   
(0.163) 

Q (10) 11.088    
(0.351) 

9.577 
(0.296) 

8.137     
(0.420) 

12.929 
(0.114) 

Q (20) 16.127    
(0.709) 

17.347(0.4
99) 

16.985   
(0.524) 

17.569 
(0.484) 

Q (50) 53.519    
(0.341) 

59.377(0.1
26) 

53.116  
(0.284) 

39.895 
(0.791) 

Q-Statistics on Squared Standardized Residuals. P-values adjusted by 3 
degree(s) of freedom 
Q (5) 0.611         

(0.894) 
1.839  
(0.399) 

8.27     
(0.016) 

2.787   
(0.426) 

Q (10) 3.044         
(0.932) 

3.189  
(0.867) 

11.45    
(0.120) 

8.901   
(0.351) 

Q (20) 16.57         
(0.553) 

21.92  
(0.188) 

26.26    
(0.069) 

12.28   
(0.832) 

Q (50) 72.99         
(0.012) 

68.18  
(0.023) 

55.52    
(0.184) 

20.68   
(0.998) 

Engle’s LM Statistical Test  
ARCH (1-2) 0.131 0.109 1.172 0.575 
ARCH (1-5) 0.123 0.289 1.574 0.544 
ARCH (1-
10) 

0.301 0.287 1.085 10.48 
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The other statistics 
Joint Statistic 
of the 
Nyblom test 
of stability 

0.626 
(stable) 

0,664 
(stable) 

0.808 
(unstable) 

1.02 
(unstable) 

Diagnostic test of model’s volatility 
Sign Bias t – 
test 

0.221 
(0.826) 

0.983  
(0.325) 

0.585     
(0.558) 

1.04 
(0.298) 

Negative 
Size Bias t – 
test 

0.548 
(0.584) 

0.785  
(0.432) 

0.787     
(0.431) 

0.839    
(0.401) 

Positive Size 
Bias t – test 

1.643        
(0.100) 

1.841  
(0.065) 

1.744     
(0.081) 

0.595 
(0.552) 

Joint test for 
the three 
effects 

5.344       
(0.148) 

4.474 
(0.215) 

5.166     
(0.160) 

2.832    
(0.418) 

Test Pearson Low goodness 
of fit 

Discussion
s result  

Adjusted 
Goodness of 
fit 

Adjusted 
Goodness of 
fit 

Source: own calculations using PcGive, SAS and GRETL. Note: p-values  
are in parentheses  

  
In order to evaluate the estimations of GARCH models, the basic  

statistical tests are performed (see Table 3). The Box – Pierce statistics at  
lags 5, 10, 20, and 50 for both standardized and squared standardized  
residuals show no autocorrelation of random error (the null hypothesis is  
against the 2 ( )q k mχ − − ). The Engle’s LM ARCH statistic [Engle 1982] to  
test for the presence of ARCH effects in a series, shows its absence for all  
cases. For each specified lag-order, the squared residual series is regressed  
on p of its own lags. The test statistic is distributed  under the null  
hypothesis of no ARCH effects. The Nyblom test (Nyblom 1989 and  
Hansen 1994) shows the stability of models’ parameter estimations over  
time. The values of Engle’s test statistic [Engle and Ng 1993] indicate the  
lack of influence of innovation effect (the presence of leverage effects) on  
the size of the volatility. The adjusted Pearson goodness–of–fit test  
compares the empirical distribution of the innovations with the theoretical  
one.  



The results obtained are presented in Table 4. These are respectively:  
standard deviation, EWMA with λ=0.94 and GARCH long-run variance  
expressed in annual terms. As additional information, the implied volatilities  
evaluated for the dates under consideration are also given (see Day and  
Lewis, 1992; Brooks, 2002). They are higher than historical volatilities  
regardless of the method of estimation. Implied volatilities are used to  
monitor the market’s opinion about the volatility of a particular underlying  
asset. They are often said to be forward looking whereas historical  
volatilities seem to be backward looking. A stock or an index do not have  
one implied volatility since several options on the same underlying financial  
assets with different strike prices and dates of expirations are traded at the  
same time. Thus, each of them might have a different implied volatility. To  
find one volatility estimate, single implied volatilities are given weights.  
Here, the weighting scheme is based on volumes of in-the-money options.  
This weighting scheme is consistent with Kolb and Overdahl (2007) who  
assert that options out-of-the-money give somewhat spurious volatility  
estimates. Note that, in this context, Campbell et. al. (1997, pages 377-379)  
point out the problem with the use of implied volatilities: if the Black- 
Scholes formula holds, then the volatility parameter can be recovered  
without error by inverting the Black-Scholes formula for any one option’s  
price (each of which yields the same numerical value for σ); if the Black- 
Scholes does not hold, then the implied volatility is difficult to interpret  
since it is obtained by inverting the Black-Scholes formula. Therefore, using  
the implied volatility of one option to obtain a more accurate forecast of  
volatility to be used in pricing other options is not recommended by  
Campbell et. al. (1997).  

While considering historical volatilities, given in Table 4, the lowest  
observed value is GARCH volatility estimate for the period August 20,  
2004 to August 21, 2006 (7.29 percent). The highest estimate is GARCH  
based volatility for the period November 18, 2005 to November 20, 2007. It  
is worth mentioning that there are many evaluated GARCH models for each  
period. After detailed analysis only one GARCH model for each period is  
presented. These are: GARCHM_sqrt (1,1), GARCH (2,1), GARCH (2,1)  
and GARCH (1,1). The detailed results for chosen GARCH estimations are  
presented in Table 2.  
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Table 4. Historical volatility of S&P 500 Index in separate periods obtained  

by different methods  

Period 
Method 

Standard 
deviation 

EWMA_0.94 GARCH Implied 
volatility 

1.16.04 – 1.17.06 10.70% 8.83% 8.71% 13.38% 
3.23.04 – 3.23.06 10.42% 8.42% 10.21% 12.94% 
08.20.04 - 08.21.06 10.54% 11.06% 7.29% 16.50% 
11.18.05 - 11.20.07 12.58% 20.85% 2.72% 30.05% 

Source: own calculations   
Next, the volatilities presented in Table 4 are used to calculate the  

theoretical option premiums. Other input parameters such as time to  
maturity and exercise price are given in options standards. Underlying asset  
price is S&P500 Index level on the day of the option writing. Risk free rate  
is the United States three-month Treasury Bill rate. Theoretical premiums,  
obtained from Black-Scholes-Merton model, are compared to recorded best  
bid, best offer and the average. Then, percentage errors are calculated. We  
focus only on options that are in-the-money on the days of their writing.4  
Consequently, from a set of 334 options available on January 18, 2006, the  
following are selected: 35 call options with one-month time to maturity, 32  
call options with two-month time to maturity, 20 put options with one- 
month time to maturity and 19 put options with two-month time to maturity.  
Thus, from 224 options available on March 24, 2006 the following are  
selected: 38 call options with one-month time to maturity, 28 call options  
with two-month time to maturity, 24 put options with one-month time to  
maturity and 20 put options with two-month time to maturity. From the 238  
options available on August 22, 2006, the following are selected: 48 call  
options with one-month time to maturity, 37 call options with two-month  
time to maturity, 24 put options with one-month time to maturity and 15 put  
options with two-month time to maturity. As for the options offered on  
November 21, 2006. Out of 49 options, only 15 call options with one-month  
time to maturity turned out to be in-the-money.  

In the final step, theoretical premiums, calculated with different input  
volatilities and best bid, best offer and average are used to calculate mean  
absolute percentage errors.  These results are presented in Table 5 and Table  

4A call option is in-the-money when the basset price is greater than the strike price. A put 
option is in-the-money when the asset price is less than the strike price. 

                                                 



6, for call and put options, respectively. Theoretical premiums are  
considered as prognoses, whereas empirical best bids, best offers and  
averages as their realizations.   

  

Table 5. Mean absolute percentage errors for theoretical call option values  
calculated in relation to best bid, best offer and averages  

Date Time to 
maturity 

Volatility estimation method 
Standard dev. EWMA_0.94 GARCH 

bid offer average bid offer average bid offer average 

01.18.06 1M 0.83% 1.80% 1.00% 2.40% 3.60% 2.90% 2.51% 3.70% 3.00% 
2M 1.30% 1.20% 0.90% 2.40% 3.20% 2.80% 2.50% 3.30% 2.90% 

03.24.06 1M 2.40% 1.00% 1.10% 8.80% 2.40% 1.30% 2.20% 1.00% 1.00% 
2M 3.70% 1.10% 2.30% 1.40% 2.60% 1.90% 3.30% 0.80% 1.90% 

08.22.06 1M 3.30% 0.90% 2.00% 3.70% 1.30% 2.50% 1.80% 1.90% 1.70% 
2M 1.00% 2.00% 1.30% 1.10% 1.40% 0.90% 3.90% 4.90% 4.30% 

11.21.07 1M 19.6% 21.6% 20.60% 8.30% 10.60% 9.40% 1.90% 4.40% 3.20% 

2M * * * * * * * * * 
Source: own calculations  

  

Table 6. Mean absolute percentage errors for theoretical put option values  
calculated in relation to best bid, best offer and averages  

Date Time to 
maturity 

Volatility estimation method 
Standard dev. EWMA_0,94 GARCH 

bid offer average bid offer average bid offer average 

01.18.06 1M 1.20% 3.10% 1.20% 4.40% 8.00% 6.30% 4.70% 8.30% 6.60% 
2M 3.00% 6.20% 4.60% 9.50% 12.40% 11.00% 9.90% 12.80% 11.40% 

03.24.06 1M 4.70% 2.20% 3.00% 1.00% 4.80% 2.30% 4.10% 1.80% 2.50% 
2M 2.50% 2.70% 1.30% 6.40% 10.40% 8.40% 1.70% 3.50% 1.40% 

08.22.06 1M 4.10% 2.80% 3.10% 5.60% 3.70% 4.30% 5.90% 9.60% 7.80% 
2M 2.50% 6.10% 3.90% 2.10% 3.70% 2.10% 17.10% 20.70% 20.00% 

11.21.07 1M * * * * * * * * * 
2M * * * * * * * * * 

Source: own calculations  
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Generally, the lowest obtained error is equal to 0.83 percent, and the  
highest is 21.6 percent. Detailed analysis of results leads to the following  
conclusions. In most cases, the lowest errors for both call and put options  
are generated by standard deviations as input volatilities, whereas the  
highest errors are generated by GARCH based volatilities. Nevertheless,  
there is no clear pattern since in some cases the smallest differences are  
those between theoretical premium and the best bid, in other cases those  
between theoretical premium and the best offer. That means that in some  
cases lower volatility estimates produced lower errors, in other cases higher  
volatility estimates produced lower errors, depending on market conditions.  
Another characteristic feature is that for options being deep in-the-money,  
one observes no significant differences between theoretical premiums  
calculated with different input volatilities. This means that premiums of  
such options are not sensitive to changes in volatility. It is reflected also in  
close to zero values of Greek parameter Vega, which is the partial derivative  
of the option price with respect to its volatility.5  
  

IV. CONCLUDING REMARKS  

This paper assesses the impact of the volatility estimation method on  
theoretical option value. The volatility of an asset price is one of the many  
factors influencing option price and the only input into the Black-Scholes  
model than cannot be directly observed. This paper utilizes the historical  
volatility approach and implied volatility, using data on index options listed  
on the Chicago Board of Options Exchange (CBOE) between January 3,  
2005 and November 21, 2007.  

For Period I, two years before January 17, 2006, the GARCH-M (1,1  
“sgrt”) with a skewed student distribution model is the best. It enables a  
description of the relationship between the expected rate of return and risk.  
In Period II, two years before March 23, 2005, GARCH (2,1) model in- 
mean (ARMA (1,1) model) with a Gauss distribution proved to be the best  
model. Period III, two years before August 21, 2006, showed that GARCH  
(2,1) no regressors in the mean (ARMA (1,1) model) with a Gauss  
distribution was the most satisfactory model. Finally, in Period IV, two  
years before November 20, 2007, GARCH (1,1) model (Mean Equation:  

5 If Vega is high in absolute terms, the portfolio’s value is very sensitive to small changes 
in volatility. If Vega is low in absolute terms, volatility changes have relatively little impact 
on the value of the portfolio [Hull 2008]. 

                                                 



ARMA (1,1) model, no regressor in the mean) with a Gauss distribution  
proved to be the best model.   

All of the analysis is done based on a logarithmic transformation of  
daily S&P Index rate of returns. The following tests are used to describe the  
statistics for the stock rates of return: values of the Shapiro –Wilk statistic  
test for normality, the Augmented Dickey Fuller test statistic to test for  
existence of the unit root, and Engle’s LM ARCH test to test for ARCH  
effects in the series. The Shapiro-Wilk tests reject the null hypothesis of  
normality at the 5 percent significance level for the two of rate of return  
series analyzed. As indicated by the ADF test, the daily rates of return  
studied in all periods are stationary stochastic processes. Conditional  
heteroscedasticity is indicated by the LM ARCH test.   

The full analysis leads to the conclusion that in most cases the lowest  
errors for call and put options are due to standard deviations as input  
volatilities, while the highest errors are caused by GARCH based  
volatilities. Furthermore, there is no evident pattern because in some cases  
lower volatility estimates produced lower errors, while in other cases, higher  
volatility estimates produced lower errors. The study found that for options  
being deep in-the-money premiums of options are not sensitive to changes  
in volatility. This is shown by the fact that there are no significant  
differences between theoretical premiums calculated with different input  
volatilities as well as the fact that the Greek parameter Vega was close to  
zero.  

The findings indicate that for various time periods, different models  
are “better” in forecasting what will happen. In the light of these results, this  
study supports the idea of weak efficiency, which pertains to forecasts that  
efficiently incorporate information about past forecasts [Nordhaus, William  
1987]. Fama [1970] discusses weak form tests as cases in which the  
information set is simply historical prices. The traditional perception of the  
efficient market hypothesis suggests that prices generally overreact to  
information but in an efficient market, under-reaction will occur just as  
frequently. By not being able to identify one overarching model that  
accurately forecasts option prices, the findings in this study are consistent  
with the weakly efficient proposition.  
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